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Abstract—Label noise is a common challenge in real-
world structured datasets that can significantly degrade
the performance of machine learning models. This paper
explores the impact of noisy labels on classification
accuracy and demonstrates how correcting mislabeled
data can restore and enhance predictive performance.
Using the Breast Cancer Wisconsin Diagnostic dataset
with artificially introduced label noise, a cross-
validation-based relabeling technique to identify and
correct noisy labels. Experimental results show that
models trained on the denoised dataset achieve accuracy
comparable to or exceeding that of models trained on
clean data, validating the effectiveness of noise
correction in improving classification outcomes. This
study highlights the importance of label quality in
structured data and provides a practical workflow for
mitigating noise, which can be applied to a wide range of
data science applications.

Index Terms—Label noise, Noise correction, Data
denoising, Structured data, Classification accuracy,
Machine learning, Cross-validation, Data quality,
Predictive modeling, Supervised learning.

[. INTRODUCTION

Label noise, which refers to errors or inaccuracies in
the labeling of data, is a prevalent challenge in
machine learning and data science [1], [2]. Such noise
can arise from human annotation errors, sensor faults,
or automated labeling systems, and it significantly
hampers the performance of predictive models by
introducing misleading information during training
[3], [4]. This leads to reduced accuracy, model
instability, and poor generalization on unseen data [5],
[6].

Although much research has focused on label noise in
unstructured data like images and text, structured data
that are common in finance, healthcare, and industrial
applications also suffers from mislabeled records,
which can severely impact downstream analytics and
decision-making [7], [8]. Accurate labels are essential
for reliable models, especially in domains where
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incorrect predictions can have serious consequences,
such as medical diagnosis and fraud detection [9],
[10].

Detecting and correcting noisy labels is thus crucial
for improving model robustness and predictive
performance. Various approaches have been proposed,
including noise-tolerant algorithms, data cleaning, and
label correction methods [11], [12]. However, many
rely on additional clean data or complex assumptions
that may not hold in real-world scenarios.

In this work, we focus on a cross-validation-based
relabeling technique applied solely to noisy labeled
structured data, aiming to mitigate the impact of label
noise without requiring extra clean labels. Our
experiments  demonstrate  that  this  method
significantly restores accuracy close to that of clean
data, underscoring the importance of noise correction
in structured datasets.

II. RELATED WORK

Label noise has long been recognized as a critical
factor that negatively affects the generalization
performance of supervised learning models. Studies
have shown that mislabeled data can lead to biased
decision boundaries, increased model variance, and
decreased interpretability [1], [6]. In real-world
datasets, especially those derived from manual
labeling processes, annotation errors are common,
necessitating the development of techniques to detect
and mitigate their impact.

Several approaches to handling label noise have been
proposed across literature. Some methods attempt to
make models inherently robust to noise, such as using
noise-tolerant loss functions [2], while others focus on
preprocessing the dataset to correct or eliminate noisy
samples prior to training [7]. Noise filtering and
relabeling techniques based on ensemble methods,
clustering, or agreement between multiple classifiers
have also demonstrated effectiveness [3], [5], [8].
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In the domain of tabular data, noise correction is
especially challenging due to the absence of spatial or
sequential context, as found in images or text.
Techniques such as instance hardness-based relabeling
[4] and confidence-based prediction filtering [10] have
been explored to address this. Furthermore, ensemble-
based methods like Random Forests are often
employed due to their ability to capture complex
patterns and their robustness to overfitting [11].
Structured tabular datasets, particularly in medical
applications, are highly susceptible to label noise due
to factors such as diagnostic uncertainty, variability in
clinical annotation, or clerical errors [6], [9]. The
implications of such noise are significant, as machine
learning models trained on flawed data may lead to
unreliable predictions in high-stakes scenarios. While
image-based medical datasets have received
considerable attention in noise correction research [3],
structured medical data remains relatively
underexplored. As such, there is a pressing need to
investigate reliable and interpretable strategies for
denoising labels in this context to enhance model
reliability and ensure patient safety.

This study builds upon these foundations, focusing on
correcting label noise in structured data through cross-
validation-based relabeling, with the goal of
improving  predictive accuracy in  sensitive
applications.

III DATASET

The Breast Cancer Wisconsin (Diagnostic) dataset
was chosen for this research due to its prominence and
extensive use in medical data analysis and machine
learning studies [1]. The dataset comprises 569
instances collected from patients undergoing
diagnostic testing for breast cancer. Each instance is
labeled as either malignant (cancerous) or benign
(non-cancerous), making it suitable for binary
classification tasks.

This dataset includes 30 quantitative features derived
from digitized images of fine needle aspirate (FNA)
samples of breast masses. These features describe
important cellular characteristics such as radius (mean
size of cell nuclei), texture (variation in gray-scale
values), perimeter, area, smoothness, compactness,
concavity, symmetry, and fractal dimension. Together,
these attributes provide detailed information about the
shape, size, and structure of the cells, which are crucial
in distinguishing malignant tumors from benign ones.

IJIRT 180455

The dataset’s structured format, combined with its
medical significance, provides a valuable benchmark
for studying how label noise affects predictive models
and the effectiveness of noise correction techniques.
Its comprehensive features enable evaluation of
classification algorithms in a realistic healthcare
context, where data quality and accuracy are critical
for decision-making.

IV. MOTIVATION

High-quality data is fundamental to building reliable
and accurate machine learning models. In supervised
learning, the assumption is that the training labels are
correct and representative of the true underlying
phenomena [1], [3], [5]. However, in many real-world
scenarios, especially in domains like healthcare,
finance, and scientific research, data labels are often
corrupted due to human error, ambiguous cases, or
limitations in the labeling process [2], [7], [10]. Such
noisy labels can severely degrade model performance,
leading to inaccurate predictions and unreliable
outcomes [4], [6].

The presence of label noise introduces risks that
extend beyond mere drops in accuracy. In medical
applications, for example, incorrect diagnoses
resulting from models trained on noisy data could lead
to inappropriate treatments, patient harm, or
misallocation of medical resources [8], [9]. Similarly,
in critical financial systems, mislabeled data could
result in flawed risk assessments or faulty decision-
making [11], [12]. These high stakes highlight the
importance of ensuring label integrity and mitigating
noise in datasets [13], [15].

Correcting noisy labels is therefore not just a matter of
improving statistical metrics; it is a vital step toward
trustworthy and interpretable models that can be safely
deployed in sensitive applications [14], [16], [18].
Effective noise reduction techniques enhance the
predictive performance of models by providing
cleaner, more representative training data [17]. This,
in turn, leads to better generalization on unseen data,
increased robustness, and more confident decision-
making [1], [3].

This study focuses on addressing label noise in
structured datasets where clean labels are expensive or
difficult to obtain. By exploring noise correction
methodologies within the context of medical data
classification, the research aims to demonstrate how
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targeted noise mitigation can restore model accuracy
to levels comparable with training on clean labels [5],
[9], [13]. The findings underscore the broader
significance of data quality assurance in data science
workflows and promote best practices for handling
noisy datasets [14], [16].

V. PROPOSED METHODOLOGY

The objective of this study is to improve label quality
in structured datasets to enhance the performance of
predictive models. Label noise, defined as incorrect or
misleading labels, can significantly impair model
accuracy and reliability. The proposed methodology
addresses this issue through an automated and
systematic approach that detects and corrects noisy
labels.

A. Detecting Noisy Labels with Cross-Validation

A cross-validation strategy is employed to identify
potentially incorrect labels. The dataset is divided into
multiple folds. In each iteration, one fold is reserved
as a test set while the model is trained on the remaining
folds. The trained model then predicts labels for the
held-out fold. By repeating this process across all
folds, each data point is predicted by a model that has
not seen it during training. This approach ensures
unbiased predictions, which are crucial for accurately
detecting label noise. This setup helps ensure unbiased
predictions, which are important for detecting label
noise accurately.

B. Correcting Labels Based on Predictions

When a predicted label for a data point differs from its
original label, it is considered a candidate for noise.
These suspected noisy labels are replaced with the
predicted labels, effectively cleaning the dataset. Only
labels identified as potentially incorrect are modified,
preserving the majority of the original data.

C. Retraining on the Cleaned Dataset

Following label correction, the refined dataset is used
to train classification models again. The performance
of these models is compared against models trained on
the original noisy dataset and, where available, the
clean dataset. This evaluation demonstrates the
effectiveness of the denoising process.

D. Summary of the Approach

The methodology presented aims to systematically
improve the quality of labeled data in structured
datasets, a critical factor in achieving reliable and
accurate machine learning models. Noisy labels—
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those that are incorrect or inconsistent—can mislead
models during training, resulting in  poor
generalization and decreased predictive performance.
To address this, the proposed approach leverages a
cross-validation-based framework to detect and
correct such noisy labels in an automated and
unbiased manner.

Initially, the dataset is divided into multiple folds to
enable cross-validation. In each iteration, one fold is
held out as a test set, while a model is trained on the
remaining folds. This model is then used to predict
labels for the held-out fold. This procedure ensures
that each data point is predicted by a model that has
never seen it during training, thus providing an
unbiased estimate of its true label. By systematically
cycling through all folds, predictions are generated
for every instance in the dataset under unbiased
conditions.

The core assumption is that if the predicted label for
a data point differs from its original label, the original
label is likely to be noisy or incorrect. These
suspected noisy labels are then corrected by replacing
them with the predicted labels obtained through the
cross-validation process. This selective correction
mechanism avoids wholesale changes to the dataset,
thereby preserving the integrity of correctly labeled
instances while improving the overall label quality.
After the label correction phase, the cleaned dataset is
used to retrain classification models. The
performance of these retrained models is evaluated
against models trained on the original noisy dataset as
well as any available clean datasets. Improvements in
key metrics such as accuracy, precision, and recall
validate the effectiveness of the noise correction
process.

This approach offers several benefits. First, it reduces
the reliance on manual label verification, which can
be costly and time-consuming, especially in domains
like healthcare or finance where expert labeling is
required. Second, it enhances model robustness by
mitigating the negative impact of label noise,
enabling models to generalize better to unseen data.
Third, the methodology is broadly applicable to a
variety of structured data classification problems,
making it a versatile tool in data science workflows
that encounter noisy or imperfect data.

In summary, the proposed workflow represents a
practical and effective strategy for improving data
quality through automated label noise detection and
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correction, ultimately leading to more reliable and
accurate predictive models.

VI. RESULTS AND DISCUSSIONS

To thoroughly evaluate the impact of label noise and
to measure the effectiveness of the proposed label
correction method, a comprehensive series of
experiments were conducted using a well-structured
dataset. These experiments were carefully designed
to encompass three distinct scenarios. Initially, the
model was trained and tested on the clean, unaltered
version of the dataset to establish a clear and reliable
baseline for performance. Next, label noise was
artificially introduced by randomly modifying a
certain portion of the class labels, simulating real-
world labeling errors. A model was then trained on
this noisy dataset to observe and quantify the
resulting decline in predictive performance. Finally,
the proposed denoising procedure, which leverages
cross-validation and relabeling techniques, was
applied to the noisy data. A new model was
subsequently trained on this corrected dataset to
assess how much the denoising approach could
recover the lost performance.
Each of these three models was systematically
evaluated using standard and widely accepted
classification metrics, including accuracy, precision,
recall, and Fl-score. This thorough comparison
enables a clear and detailed understanding of the
extent to which label noise negatively impacts model
performance, as well as how effectively the
correction method can restore it. The following
sections present the experimental results, including
confusion matrices, label distribution comparisons,
and visualizations that collectively support and
illustrate this analysis.
To further assess the quality of the relabeling
process, the denoised labels were directly compared
against the original clean labels. The confusion
matrix shown in Figure 1 visually represents the
degree of correspondence between the corrected
labels and the true labels.
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Confusion Matrix: Original vs Denoised Labels
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Fig.1. Confusion matrix comparing denoised labels
with original clean labels
The matrix shows a high level of agreement, with most
data points correctly relabeled. Out of 569 total
samples, 349 class 0 and 190 class 1 labels were
accurately recovered. The method resulted in an
overall label accuracy of 94.73%, indicating that the
majority of noisy labels were successfully corrected.
To further quantify the quality of relabeling, Table 1
presents the precision, recall, and F1-scores for each
class. These metrics confirm that the denoising
approach performed consistently well across both
classes, with high precision and recall values
demonstrating the reliability of the corrected labels.
Table 1. Classification Report Comparing Denoised
Labels to Original Labels

Class Precision | Recall F1- Support
Score
0 0.94 0.98 0.96 357
1 0.96 0.90 0.93 212

To quantitatively assess the effectiveness of the label
denoising process, models were trained on three
different versions of the dataset: the original clean
dataset, the same dataset with 15% randomly
introduced label noise, and the denoised version
obtained through cross-validation-based relabeling.
The overall accuracy of each model was then
evaluated on a consistent test set to measure the
impact of noise and the extent of recovery achieved
through correction.
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Fig.2. Model accuracy on clean, noisy, and denoised
versions of the dataset. The introduction of label
noise led to a substantial drop in performance, while
the denoising procedure was able to restore and
slightly surpass the original accuracy.

As shown in Figure 2, the model trained on the
original dataset achieved an accuracy of 93.86%,
while the introduction of 15% random label noise
reduced accuracy to 82.46%. After applying the
proposed label correction method, the model trained
on the denoised data achieved a higher accuracy of
94.74%. This result demonstrates that the denoising
process not only mitigated the negative effects of
noisy labels but also slightly improved performance
compared to the original model, likely due to the
elimination of subtle inconsistencies in the original
labeling.

Analyzing the label distributions across the original,
noisy, and denoised datasets offers valuable insight
into the impact that noise injection and subsequent
correction have on the balance between classes. Given
that the original dataset exhibits a slight imbalance in
class representation, it becomes especially important
to carefully examine whether the denoising process
maintains this balance without introducing any
unintended bias or distorting the proportions of each
class. Ensuring that the corrected dataset reflects a
distribution close to the original is crucial for
preserving the integrity and fairness of the
classification model trained on this data.
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Label Distribution: Original vs Noisy vs Denoised
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Fig.3. Label distribution comparison across
original, noisy, and denoised datasets. The noisy
dataset shows minor deviations due to random label
flipping, while the denoised dataset closely matches
the original distribution, indicating effective label
correction.

As depicted in Figure 3, the original dataset contains
a slightly higher number of benign cases (class 0)
compared to malignant cases (class 1). The noisy
dataset reflects a perturbation in this distribution
because of the random label flips affecting 15% of the
samples. After applying the denoising method, the
class distributions realign closely with the original
dataset, demonstrating that the correction procedure
successfully restores class balance and mitigates the
effects of label noise without introducing additional

bias.

The classification performance of logistic regression
models trained on clean, noisy, and denoised datasets
is compared in Table 2. Key metrics such as accuracy,
precision, recall, and Fl-score are reported to
illustrate the impact of label noise on model
performance and the effectiveness of the proposed
denoising method in restoring accuracy.

Table 2. Performance Comparison of Logistic
Regression Models on Clean, Noisy, and Denoised

Data
Dataset Accuracy Precision Recall
(weighted) (weighted)
Original 0.9386 0.94 0.94
Noisy 0.8246 0.82 0.82
Denoised 0.9474 0.95 0.95

The results demonstrate a substantial decline in model
performance when trained on noisy data, with
accuracy dropping from 93.86% to 82.46%. After
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applying the denoising technique, the model’s
accuracy improved significantly to 94.74%,
approaching the performance on clean data.
Improvements in precision, recall, and FI-score
across both classes further confirm the benefit of label
correction. This highlights the effectiveness of the
proposed approach in mitigating the adverse effects
of label noise in structured datasets.

Overall, these results clearly demonstrate that label
noise can substantially degrade the performance of
machine learning models. However, the proposed
cross-validation-based relabeling method effectively
identifies and corrects noisy labels, restoring data
quality and enabling the model to achieve accuracy
comparable to, or even slightly better than, training on
the original clean data. This improvement highlights
the critical importance of addressing label noise in
real-world  datasets, especially in sensitive
applications such as medical diagnosis where data
quality directly impacts model reliability and
trustworthiness. By reducing label noise, the
approach not only enhances predictive performance
but also contributes to building more robust and
dependable models suitable for practical deployment.

VII. CONCLUSION AND FUTURE WORK

This study demonstrates the significant impact that
label noise can have on the performance of machine
learning models, particularly in structured datasets
where high accuracy and reliability are critical.
Through systematic experiments involving clean,
noisy, and denoised versions of the Breast Cancer
Wisconsin dataset, we showed that even moderate
label corruption (15%) leads to a noticeable drop in
model accuracy and generalization. However, our
proposed denoising method, based on cross-
validation-driven relabeling, proved effective in
identifying and correcting mislabeled instances. Not
only did the denoised model recover performance lost
due to noise, but in some cases it slightly exceeded the
original clean-data baseline, indicating that the
relabeling process may also correct subtle
inconsistencies or borderline cases present in the
original labels.

By comparing confusion matrices, label distributions,
and classification metrics across all three scenarios,
we provide a comprehensive evaluation of how well
the relabeling strategy worked. The denoised dataset
closely resembled the original in both distribution and
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classification outcomes, confirming the robustness of
the method. These results reinforce the idea that
targeted label correction strategies can serve as a
practical and scalable solution to mitigating noise in
real-world datasets, where perfect labeling is rarely
guaranteed.

For future work, this approach can be extended to
multiclass and larger-scale datasets to test its
scalability and adaptability in more complex
environments. Additionally, integrating confidence-
based label correction strategies or leveraging
ensemble methods for relabeling decisions may
further enhance robustness. Exploring the application
of this method in active learning or semi-supervised
settings—where only a subset of labels are trusted—
also presents promising directions. Finally,
benchmarking against other state-of-the-art noise-
robust learning algorithms would help contextualize
the effectiveness of the proposed approach within the
broader landscape of label noise mitigation
techniques.
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